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Phenolic compounds are highly important for the overall wine quality. In red wine tannins and anthocyanins are the most important phenolic classes. Tannins contribute to the mouthfeel of wines but they also form more stable pigmented polymers in association with the anthocyanins. It has generally been accepted that the concentration of phenolic compounds in grapes increases through berry development. Tannins and hydroxycinnamic acids increase until veraison (Downey et al. 2003; De Freitas et al. 2000) . Anthocyanins accumulate in the berries at veraison and increase their concentration during fruit ripening due to the sunlight effect. Some authors have reported a decline of these compounds late in berry development (Kennedy et al. 2002) . A number of factors influence the decision on the optimum harvest date, influencing the future wine quality (Nogales-Bueno et al. 2014) . At harvest time within a month a huge variation in phenolic concentration and composition takes place. As mentioned previously, the evolution of phenolic compounds during ripening highly affects their concentration in the berries and also influences their presence in future wines. Thus harvesting grapes at different ripening levels will lead to a bunch of different wines with a substantial variability in phenolic and organoleptic properties (Canals et al. 2005; Llaudy et al. 2008) .
Bobal is an indigenous Spanish cultivar grown mainly in the Valencian Region. Bobal cultivar was selected, on the one hand, because it is the most frequently used in the Designation of Origin UtielRequena (Valencia, Spain), on the other hand, because despite being used traditionally in the production of rosé and red "doble pasta" wines and being sold mostly in bulk, during the last few years Bobal grapes have been used to produce high-quality aged wines, which shows the high potential of the cultivar (Méndez 2005; Sánchez 2008; Gómez-García Carpintero et al. 2011; Gómez Gallego et al. 2012) .
Excellent oenological parameters were observed in the particular varietal wines, especially when wines were obtained from old vines. The wines were also identified as potential long-term aged wines. Moreover, a remarkable content of resveratrol in Bobal berry skins was also reported; results in accordance with those observed by Gómez- Gallego et al. (2012) . The previous authors studied the phenolic composition and antioxidant activity of Bobal red wines and noticed a high antioxidant activity which might be correlated with the high phenolic concentration observed. The aromatic profile of Bobal red wines was also described by Gómez García- Carpintero et al. (2011) . The characterisation of young red Bobal wines shows a complex chemical profile with a wealth of aromas. C 6 and benzene compounds were the most predominant free aromas while benzene compounds followed by C 13 norisoprenoids were the most abundant in the glycosylated fraction. Moreover, olfactory descriptors of blackberries, raspberries, licorice, leather, pepper and sweet were used in order to describe Bobal wines. The authors also reported an increase in complexity and/or intensity when Cencibel grapes were used together with Bobal grapes for winemaking.
Partial least squares regression, principal component regression, and multiple linear regression are multivariate statistical techniques that have been applied in food research to obtain calibration models as an alternative to other statistical methods (Poveda et al. 2004) . The PLS regression technique has recently been widely used in combination with chemometrics to predict several wine components (Cozzolino et al. 2004 (Cozzolino et al. , 2008 Urbano-Cuadrado et al. 2004; Smith 2005; Tarantilis et al. 2008; Lorenzo et al. 2009 ). MLR has also been used for the prediction of wine tannin concentrations (Dambergs et al. 2012) . Moreover, PCR has been mentioned as a possible solution against noise and correlations in the data, while this technique showed its ability to deal with nonlinear relationships between variables (Cozzolino et al. 2009 ).
As far as we know, no available literature exists with regard to the application of multivariate calibrations to assess the wine sensory quality. Quality measurements are usually defined by examining sensory panel scores. A disadvantage of sensory panels is that they require highly trained personnel who can be expensive to train and employ. Sensory panels are also impractical for use on a large scale. Therefore the aim of the present work was to assess the potential of PLS, PCR and MLR regression models to predict the wine sensory quality based on the definition of chemical and phenolic parameters of Bobal grapes and wines harvested at different ripening levels.
MATERIAL AND METHODS
Wine samples. Grapes of Vitis vinifera cv. Bobal were harvested in 2009 from 40 years old vines at the Coloraos experimental vineyard located in Requena (Valencia, Spain). Grapes were carefully harvested into 15-kg boxes and transported to an experimental wine production centre. The grapes were destemmed and crushed, and the must was homogenised and distributed to 50-l stainless steel tanks. Sulphur dioxide as potassium metabisulfite was added prior to carry out the different vinification practices. Alcoholic fermentation was induced by inoculation with Saccharomyces cerevisiae strain CT007 (Agrovin, Alcázar de San Juan, Spain). To ensure the development of malolactic fermentation selected Oenococcus oeni strain OE 104 (Agrovin) lactic acid bacteria were inoculated at the end of alcoholic fermentation.
Grapes were harvested at eight different ripening levels. The first harvest was carried out on 15 th September while the last harvest took place on 15 th October. Grapes were harvested every 4 days approximately. Wines were elaborated in triplicate, thus 24 different wines corresponding to different ripeness levels were obtained. Triplicate analyses of the wines were performed after malolactic fermentation (Figure 1 ).
Grape and wine analysis. Samples were analysed according to Glories and Augustin (1993) , in order to determine the total potential anthocyanins (ApH1), the potential in extractable anthocyanins (ApH3.2) and the phenolic richness of grapes (A280). Complementary indexes such as anthocyanin extractability index (EA% = [(ApH1 -ApH3.2)/ApH1] × 100), skin tannin levels (dpell = (ApH3.2 × 40)/1000), relative proportion of skin tannins (dpell% = (dpell/A280) × 100), seed tannin levels (dTpep = A280 -dpell) and the relative proportion of seed tannins (Mp% = [(A280 -dpell)/A280] × 100) were also determined.
Colour density (CD) and hue (Blouin 1992) , FolinCiocalteu index (Singleton & Rossi 1965 ), anthocyanins (Ribereau-Gayon & Stonestreet 1965 and tannins (Saint-Cricq De Gaulejac et al. 1998) were determined by spectrophotometric methods. Polyvinylpolipyrrolidone (PVPP) and astringency were estimated by the method reported by Llaudy (Glories 1984) were also determined. Each analysis was performed in triplicate.
Sensory analysis. A sensory panel composed of 9 expert trainers with considerable experience in sensory analysis evaluated 24 wines corresponding to 2009 wine samples during 6 sessions using a complete block design. Wine samples were stored at 4°C and brought at room temperature before the tasting sessions. 20 ml of the wine sample were presented for the detection of odour, aroma, and taste. Assessments took place in a standard sensory analysis chamber, equipped with separate booths. Wines were presented in coded standard wine tasting glasses and covered with a watch glass. The sensory profile was determined using six descriptors (colour, aroma intensity and aroma quality, taste intensity and taste quality and overall quality). The panellists used a 10-point scale to rate the intensity of each attribute. Statistical analysis. Partial least squares (PLS) regression is a biased multilinear regression based on latent variables that aims to obtain a linear model between a set of predictor variables (grape and wine chemical and phenolic parameters or X variables) and a set of response variables (sensory attributes or Y variables). PLS searches the directions in the predictor space with the maximum variance but avoiding those that are not correlated with the responses to achieve the highest prediction capacity.
Multiple linear regression (MLR) is based on ordinary least squares regression and is used with explanatory or predictive purposes. It correlates information between predictor (X variables) and response variables (Y variables). The method assumes the X variables as linearly independent variables, i.e. no linear relationship exists between X variables. Collinearity problems can arise if variables are not linearly independent. The ability to vary independently of each other is an important requirement for predictive variables in this method.
Principal component regression (PCR) is a method which relates the variation in a response variable (sensory attributes or Y variables) to the variations of several predictors (grape and wine parameters or X variables). PCR is a two-step method. At first, a principal component analysis (PCA) is performed in the X variables. The principal components are then used as predictors in a MLR.
The statistics used to describe and compare the model performance include the root mean square error of cross validation (RMSECV) CV , the root mean square error of prediction (RMSEP) CV , the coefficient of determination (r 2 val ) between measured and predicted values (obtained by full cross validation), the residual predictive deviation (RPD) and the coefficient of variation (CV). The RMSECV is a measure of the average difference between the values determined by the sensory panellists and those predicted by the model in cross validation and it is expressed in the same units as the sensory analysis. The RMSEP is a measure of the average difference between values predicted by the model and values determined by the sensory analysis during independent Food Sci., 33, 2015 (3): 217-227 doi: 10.17221/370/2014-CJFS testing of the model. The residual predictive deviation (RPD = standard deviation (SD)/RMSEP) is a useful statistic that is often applied to evaluate how well a calibration model can predict. If the RMSEP is large compared with the range of composition (as SD), relatively small RPD values result and the calibration model is considered not to be robust. The higher the RPD, the greater the probability of the model to predict accurately in samples outside the calibration set. Calculations were performed using the Unscrambler v. 9.2 program (CAMO, AS, Trondheim, Norway).
The analysis of correlation between grape and wine parameters was also performed with the objective of investigating if there is a positive or negative correlation between the grape phenolic parameters studied and the phenolic measurements observed in the wines made thereafter. The sensory analysis data was analysed by ANOVA. The analysis of variance (ANOVA) was applied in order to evaluate whether there exist significant differences between the samples as well as to select the variable that most influences the differences between them. LSD test was used to separate the means (P < 0.01) when the ANOVA test was significant. For the statistical processing of the data the Statgraphics Plus v. 5.1 softwarewas used.
RESULTS AND DISCUSSION
Correlation analysis of grape and wine phenolic parameters. When evaluating the grape quality we should not only keep in mind the level of phenolic compounds in the grapes since also the extractability of the phenolic material should be considered. Important factors to bear in mind are for example the seasonal and cultivar differences. Positive correlations between grapes and wines have been generally found in the literature for anthocyanins and colour density but, on the other hand, parameters such as total phenolics or tannin concentrations have shown poorer correlations (Du Toit & Visage 2011; van der Merwe 2012) . The correlation analysis of the parameters analysed in grapes and wines has been performed and discussed (Table 1) .
Interestingly, the potential extractable anthocyanins and total extractable anthocyanins showed very strong positive correlations with HCl, EtOH, PVPP, and polymerisation indexes showing correlation coefficients of 0.98, 0.84, 0.83, and 0.91, respectively. Moreover, lower positive correlations were observed for the anthocyanin concentration (mg/l), Folin index, CD, and hue. On the other hand, negative strong correlations were found between the potential and total extractable anthocyanins with the tannin concentration (g/l) and gelatin index. Surprisingly, the same behaviour as that reported previously has been observed for the parameters dpell and dpell%. This fact could be explained by the anthocyanin location in the skins (Kennedy et al. 2006a ) and the dpell and dpell% measurements since both of them measure compounds located in the berry skins. When the parameters evaluating the phenolic material (dTpep and Mp%) present in the seeds (tannins) were correlated, only a positive strong correlation was observed for the gelatin index. On the other hand, strong negative correlations were obtained in all the remaining parameters. Interestingly, a weak positive correlation was observed between the parameter that evaluates the tannin concentration in the seeds and the total tannin concentration (g/l) ((Saint-Cricq Table 1 . Correlation analysis between grape and wine phenolic parameters. Grape parameters determined by the method proposed by Glories and Augustin (1993) et al. 1998) . Moreover, the anthocyanin extractability index (EA%) showed a strong positive correlation with the gelatin index, which indicates that this index is measuring more tannin than the anthocyanin fraction. Finally, a relatively strong negative correlation (-0.6) was detected when A280 and Folin index were correlated. This result suggests the important role that winemaking plays in the phenolic composition and concentration and the fact that the Folin index does not measure the total phenolic pool as the A280 value does (all the phenolic compounds show absorbance features at 280 nm). The presence of strong negative and positive correlations between the analysed parameters in grapes and in the corresponding wines points out the suitability of the data set to be subjected to multivariate calibrations. Grape and wine phenolic data set. The analysed wines showed high coefficients of variation (> 10%) in the majority of the determined parameters ( Table 2 ). The high CV was observed for dpell% (15.81%), dTpep (21.85%), Mp% (17.69%), colour density (22.80%), HCl index (15.70%) and PVPP index (18.59%) and the high values of the coefficient of variation mean that there is variability in the data set. Due to the small data set (24 samples) and the fact that wines were made within the same variety, the variability in the determined parameters was considered suitable for developing multivariate calibrations. Sensory analysis. The analysis of variance (ANOVA) was applied to evaluate whether there exist significant differences between the samples (Table 3) . Generally speaking, higher values were obtained for those wines that were elaborated from more mature grapes (wines 5-8, elaborated from grapes harvested between 11.6 and 12.3 Bé). Although the only parameters which showed statistical differences were taste quality and overall quality, the wines cited previously (wines 5-8) had better ratings. Multivariate data analysis. Statistics for the PLS, PCR and MLR calibration models developed for wine and grape phenolics in 2009 wines are shown in Tables 4-6, respectively. Three different models were built for each sensory attribute. The first one (named as grape) includes only the grape related phenolic parameters such as ApH1, ApH3.2, EA%, A280, dpell, dpell%, dTpep and Mp%. Grape parameters were included in the model as X variables while the different rated sensory attributes were used as reference methods Table 4 . Generally speaking, the higher coefficients of determination in cross-validation (R 2 val ) were obtained for the grape parameters models. The tested sensory attributes, with the exception of colour, showed higher regression coefficients in the models where only grape phenolic measurements were included. On the other hand, models where wine parameters were considered (wine and grape + wine models) presented lower correlation coefficients. Only for the attribute "Taste intensity" the wine model exhibited the same coefficient of correlation as that obtained with the grape model (0.88), in this specific case the combined model was slightly lower (grape + wine) (R 2 val = 0.86). Moreover, in four out of the six attributes the grape + wine models showed higher coefficients than the wine model. Only when analysing overall quality, the wine model showed a higher correlation coefficient than the combined model (grape + wine). The statistical descriptors RMSECV CV , RMSEP CV , and RPD showed almost the same trend as that observed for correlation coefficients.
As has been stated by other authors, RPD values higher than three can be used for screening purposes while an RPD higher than five is considered for quality control (Poveda et al. 2004) . On the contrary, other researchers reported that RPD values below 1.5 are considered unusable, from 1.5 to 2 are suitable for rough screening, those between 2 and 2.5 are suitable for quantitative predictions, while RPD values from 2.5 to 3 or above are considered excellent for prediction purposes (Saeys et al. 2005; Davey et al. 2009) . In this study all the grape models, unless when aroma quality was examined, showed RPD values higher than two, which clearly showed the potential of using grape phenolic parameters when predicting the sensory quality of red wines. Interestingly, the sensory attribute "Taste intensity" showed RPD values higher than 2 in all the models considered in the study, with RPD values of 2.44, 2.76, and 2.59 for the grape, wine and grape + wine phenolic models, respectively. The fact that most of the analysed parameters measure individual phenolic concentrations might explain the high prediction accuracy observed for this sensory attribute. In addition, grape + wine models presented RPD values higher than 1.5 for the attributes "Taste quality", "Aroma intensity" together with the mentioned "Taste intensity", being therefore considered suitable for rough prediction. Moreover, wine models always showed RPD values lower than 1.5 (except "Taste intensity"), being therefore considered unusable for prediction purposes. Finally, where the attribute "Colour" was included as Y variable very poor statistics were observed, which indicates that with the available sample set it is not possible to predict the wine colour.
Despite the results observed, some authors argue that in a small range of values the accuracy of the method should be evaluated by coefficient of (Roberts et al. 2004) , although the size and interpretation of the CV depends partly on the source of data used. Values between 5 and 20% were considered adequate for prediction purposes (Cozzolino et al. 2008) . As can be seen in Table 4 , coefficients of variation always lower than 10% were determined, meaning good prediction ability in most of the models. In this case a better interpretation of the results is made if we consider that the lower the CV, the better the prediction ability of the models. The principal component regression analysis was also performed with the aim of evaluating another different multivariate statistical method. Table 5 shows the calibration statistics for the sensory attributes considered in the study. As can be seen in Table 4 , more or less the same trends as those reported for the PLS analysis were identified. It seems that grape models had better prediction accuracy compared with wine or grape + wine models. RPD values higher than 2.5 were found again for the attributes "Overall quality, Taste quality, Taste intensity, and Aroma Intensity". Again, the taste intensity scores were accurately predicted even when wine or grape + wine parameters were included as X variables (RPD values of 2.44, 2.76, and 2.96 for grape, wine and grape + wine models, respectively, were observed). Moreover, as can be expected, models including grape and wine parameters showed better statistics than those built only including wine phenolic parameters. Finally, PCR was not able to accurately predict the wine colour again.
Finally, with the above-mentioned aim of investigating different multivariate methods the third analysis was also performed using multiple linear regression analysis. Table 6 shows the calibration statistics of the model using sensory attributes as reference values. Interestingly, higher correlation coefficients were observed. R 2 val were on average higher than those found for PLS and PCR analysis. Again, as has been observed, grape models showed high correlation coefficients, but in this case models built with a combination of grape and wine phenolic parameters showed higher R 2 val
. Surprisingly, the increased R 2 val
were not supported by the RPD values, while the -coefficient of determination in cross-validation; RMSECV CV -root mean standard error in crossvalidation; RMSEP CV -root mean standard error of prediction, RPD -residual predictive deviation; CV -coefficient of variation Czech J. Food Sci., 33, 2015 (3): 217-227 doi: 10.17221/370/2014-CJFS models showed lower accuracy than PLS and PCR analysis. Very accurate models were observed for the sensory attribute "Taste intensity", which supports the reasoning reported earlier (PLS analysis section). In addition, grape models showed RPD values lower than 2 when the sensory attributes "Overall quality (1.89) and Aroma intensity (1.93)" were tested. On the contrary, other sensory attributes such as "Taste quality, Taste intensity, and Aroma quality" presented the RPD values of 2, 2.07, and 5.25, respectively. Moreover, a large number of models built with the wine and grape + wine sets presented values lower than 1.5 and therefore they are not able to accurately predict samples. Based on RPD results, the multiple linear regression has shown a lower ability to build models able to accurately predict sensory attributes. Finally, no large differences were observed regarding CV when comparing different multivariate methods.
Additionally, throughout the study the wine models have shown a poorer ability to predict sensory ratings, being thus considered as unusable models in most of the cases. Looking for a possible explanation of the result observed we suggest here that the obtained low prediction ability could be explained by the well-known low accuracy/reliability of the analytical methods due to different issues (Herderich & Smith 2005) .
For example anthocyanins determined by bisulphite bleaching show higher values than those analysed by HPLC. The fact that some polymeric pigments also react with sulphur dioxide has been presented as the reason why higher values are obtained (Versari et al. 2008) . Hence, both anthocyanins and polymerisation index could be affected by this phenomenon. Colorimetric methods for the determination of tannins have been presented as a lack of selectivity methods and they are only appropriate for the analysis of purified condensed tannin samples or monomeric polyphenols (Peng et al. 2002) , as opposed to wine or grape extracts. Polyvinylpolypirrolidone (PVPP) binds strongly with tannins and this has been exploited in numerous assays. A significant problem of such strongly binding polymers is their lack of selectivity for tannins and removal of other nontannic phenols. Total tannin concentration (g/l), HCl index, and PVPP index are the parameters that could be affected by the above-mentioned lack of selectivity. An interesting aspect of the protein precipitation assays is that the interaction of proteins with tannins can be used to model astringency perception in humans (Kennedy et al. 2006b; Mercurio & Smith 2008 ). In the gelatin index tannins are racked by their propensity for precipitation by gelatin, but the variability in the composition and purity of gelatin might have caused problems with the reproducibility between studies (Llaudy et al. 2004) . In general, all the protein precipitation essays are dependent on many variables including pH, isoelectric point, ionic strength, protein conformation, and temperature. Tannin structural features such as the proportion of catechin versus epicatechin, degree of galloylation, ratio of procyanidins to prodelphidins, polymer length and the presence of secondary or tertiary structures could also impact on binding kinetics with gelatin (Seddon & Downey 2008 ). As we have exposed before the determined parameters are dependent on many variables and their accuracy is not always good enough for analytical purposes and their intrinsic characteristics could influence the results obtained.
CONCLUSIONS
Considering the entire calibration statistics obtained by the three different multivariate methods, the determination of the phenolic maturity following the method developed by Glories and Augustine (1993) has been presented as the best test to predict wine sensory quality. Setting aside the effect that winemaking practices could have on the final wine composition, the determination of grape phenolic characteristics might accurately predict future wine sensory quality attributes. Models built with wine phenolic parameters have shown much lower prediction ability. Moreover, when grape and wine parameters are combined, intermediate results were obtained. The inclusion of some wine phenolic parameters might increase the model performance but further work is required to select those parameters that positively contribute to model accuracy. On the other hand, care should be taken into account when calibration statistics are analysed. As we reported previously, RPD and CV calibration statistics depend partly on the source of the data set. -coefficient of determination in cross-validation, RMSECV CV -root mean standard error in cross-validation, RMSEP CV -root mean standard error of prediction, RPD: residual predictive deviation, CV -coefficient of variation Czech J. Food Sci., 33, 2015 (3): 217-227 doi: 10.17221/370/2014-CJFS Even though good calibration statistics were obtained in the evaluated models, due to the small sample set and to the low variability present in the data set, since only one variety coming from the same location was used to develop the calibrations, the results observed in this study must be considered with caution. The authors consider the study as a preliminary screening of the potential of this technique to predict wine sensory quality attributes based on chemistry determinations.
